Lecture 13:
Transformers

Mark Hasegawa-Johnson
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Outline

e Recurrent neural networks
e Attention
* Positional embedding



Recurrent neural network

* In a recurrent neural
network (RNN), the
Graves et'al.,20'06', Eiqure 1'. (c) ICML hldden nOde aCtivation
A Y YO vector, h;, depends on
the value of the same

>1 A : .
= L/ Framewise vector attime t — 1.
] * From 2014-2017, the
sl best speech
o ‘ PR R A eTe .y
g A RRULD IO N recognition and
= of" machine translation
used RNNs.
e * The input is x,=speech
tw tw or input-language text
Y ) ([Eheal) v - * The output is o,=text
P P in the target language

By fdeloche - Own work, CC BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=60109157
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Example: Part of
speech tagging

« X, =vector representation of the t™" word
* h; =hidden state vector = tanh(Ux; + Vh,_;)
* 0, = softmax(Wh,) = [P(Y; = Noun|Xq, ..., X;), P(Y; = Verb|X4, ..., X{), ... ]



Training an RNN

An RNN is trained using gradient descent, just like any other neural network!

0L
j, J,U n auj,i

0L
],k Jj.k n aWj,k

..where & is the loss function, and 7 is a step size.



Training an RNN: Infinite recursion?

The big difference is that now the
loss function depends on U,V and
W in many different ways:

* The loss function depends on each
of the state vectors h;, which
depends directlyon U and V.

e But h; also depends on h;_1,
which, in turn, depends on U and
V.

e ...and so on.




Back-propagation through time

The solution is something called
back-propagation through time:

de _ 0% | z A Ohjeq
dhi; 0Oh;; ; dhjiy1 Ohyy

* The first term measures losses
caused directly by h; ¢, for
example, if o; ; is wrong.

* The second term measures losses
caused indirectly, for example,
because h; ; caused h; ;.4 to be
wrong.




Back-propagation through time

Notice that this is just like training a
very deep network!

* Back-propagation through time:
back-propagate from time stept + 1
totimestep t

* Back-propagation in a very deep
network: back-propagate from layer
[+ 1tolayerl

Toolkits like PyTorch may use the same
code in both cases.




Outline

e Attention

* Positional embedding



https://commons.wikimedia.org/wiki/File:Cocktail
party attendees at Fuller Lodge, 1946.ipg

The Cocktail-Party Effect

* If you are focusing on one person’s
voice, but hear your name s!ooken by  iues/commonsuikimedao
another person, your attention T ]
immediately shifts to the second '

voice.

* This “cocktail-party effect” suggests a
model of hearing in which all sounds
are processed preconsciously. Trigger
sounds in an unattended source will
cause attention to re-orient to that

source.

https://commons.wikimedia.org/wiki/File:Cocktail-party effect.sv;
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Bottom-up attention as a strategy for machine listening

» Suppose the most recent second of audio is stored in a “short-term memory
buffer”

* A speech recognizer can attend to several centiseconds, all at one time, to
decide what words it thinks it is hearing

FDHCO SX209: Michael colored the bedroom wall with crayons.
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Chorowski, Bahdanau, Serdyk, Cho & Bengio, Attention-Based Models for Speech Recognition, Fig. 1



https://proceedings.neurips.cc/paper/2015/file/1068c6e4c8051cfd4e9ea8072e3189e2-Paper.pdf

Attention = a probability mass over time

* Attention is like probability: You only have a fixed amount of attention, so
you need to decide how to distribute it.

* a;+ = P(v.|q;) = the probability that v, is the context that you need in
order to make a decision related to the query vector q;.

ZCZM — 1

t

* Each output context vector (c;) is based on some input value vectors (v;).
But which ones? Answer: decide which inputs to pay attention to, then pay

attention.
Ci = z d; tVt

t



Dot-product attention

How can you decide which value vectors,
v; are most relevant to a particular query?
Answer:

0 = arccos(z-y/1z11yI)
1. Create a key vector, k¢, such that

q; k. > 0 if v, is relevant to q;,
otherwise q; k, < 0.

Y

By BenFrantzDale at the English Wikipedia, CC BY-SA 3.0,

2. Conve rt the S|mi|ar|ty measures |nt0 a https://commons.wikimedia.org/w/index.php?curid=49972362
probability distribution using softmax:

_ eXP(‘I?kt)
ai,t — T
hy exp(qi kr)




Putting it all together

e Stack up v, k¢, and q;into matrices:

vi A qi
V=|:|,K=|:|,Q0Q=]|":
Vn. kn. qm
* a; . is the t" output of a softmax whose input vector is Kq;:
exp(q?kt)

a; . = softmax,(Kq;) = S exp (qu )
T A T

e ¢; is the product of the vector softmax(Kgq;) times the VT matrix:
c; = Vlsoftmax(Kq;) = z ai ¢ Ve

t



Attention

Query depends on preceding output,
key and value depend on input:
q, = Wypo;_4
ki = Wgx;
vy = Wyx,

c; = Vlsoftmax(Kq;,) = ) a;;v;
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Result: Process a sequence of vectors without any
explicit concept of time

 Attention lets us process a
sequence of vectors without
knowing about time

* All we need to know: Find the
vectors that are most like what we
need next



Quiz!

Go to prairielearn and try the quiz!



Cross-attention visualization

This plot shows «a; ; where i = output character, and t = input spectrum

FDHCO SX209: Michael colored the bedroom wall with crayons.
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Outline

* Positional Encoding



What we have lost...

* With the recurrent neural net, each state vector paid attention to the
one that preceded it:
ht — tanh(th ~+ Vht—l)

* With a transformer, each state vector pays attention to the input that
is most similar, regardless of what time it happened:

E : exp(q?kt)
h. — . , . —_—
i t At VUt ait 5 exp(q?kr)

* What if we always want h; to pay special attention to v;_;? Is that
possible?




Position encoding by Fourier basis

The solution is to encode the relative
position of each input, v;, using a Fourier

basis e;: - TE\ -
()

_ (nt)
Sin T

(22
cos o7 : |

7TD t B The eurves y= P, (cos 0). y = P (cos §). ... y=P; (cos 0). (v. page 184.)
Ssin|{ —— Public domain image,

2T https://commons.wikimedia.org/wiki/File:An_elementary treatise_on Fourier%27s series an
d spherical, cylindrical, and ellipsoidal harmonics, with applications to problems in _math
ematical physics (1893) (14780364665).ipg

ZONAL HARMONIC CURVES.
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Position encoding by Fourier basis 4

The Fourier basis is useful because shifting
by a fixed time offset, to t — d, can be
accomplished by a matrix multiplication:

cos(7) () -
COS T Sin T

€i_q = _ (nd) (nd) €t
sin{—-) cos|—

...50 if we want a particular query to pay
attention to vectors with a time delay of d, .
ublic domain image,
we JUSt Set W to the matrlx Shown https://commons.wikimedia.org/wiki/File:Exponentials of complex number within unit circl
];Q e-2.svg
above.
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Where do we put the positional encoding?

* Possibility #1: Concatenate it, i.e., xI = [x],el]
* Advantage: W; 4 can learn to operate separately on the content x! and the
positional encoding el
* Disadvantage: every vector is twice as large, and every matrix is four times as
large
* Possibility #2: Add it, i.e., x; = x; + e;
* Advantage: fewer parameters to learn
* Disadvantage: W; o can only operate directly on e; if x; is mostly zero

 Surprise: this works well in practice. Apparently, the positional encoding can
learn to ignore local fluctuations in x¢, and pretend that it’s mostly 0 on
average



Output
Probabilities
A

Positional encoding

[ Softmax ]

i A
In the standard transformer, position of —T—
i 1 1 ( orm
the input is encoded using Y )

—

—~ Forward

1 )
—>{  Add&Norm | A
[ T[t 7] [ Add&Norm ]é
Forward ———
N Multi-Head
COS ( T ) Attention

9[ Add&Norm ]

Multi-Head
. T[t [ Attention ] [ Add&Norm ]é
Sln L AN AN Y, Masked
T . Multi-Head
Positional Attention
o Encoding ?
— L]

Input
Embedding

-/
Positional
nDt Q)
COS
2 T Input Output

Embedding

(nD t) ]
. utput
SIN | —— (shifted right)

By Yuening Jia - DOI:10.1088/1742-6596/1314/1/012186, CC BY-SA 3.0,
https://commons.wikimedia.org/w/index.php?curid=121340680



https://commons.wikimedia.org/w/index.php?curid=121340680

Summary

e Recurrent neural networks
h‘t - tanh(th + Vht—l)

* Attention
exp(qiTkt)

(%
— Y exp(qlk;)

_ (ﬂt)'
COS T
Sin T

c; = V'softmax(Kq;) =

* Positional encoding




